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Introduction: The amount of genetic association studies has increased exponentially in the last 
years. Reproducibility, however, has been challenging. False-positive associations may be, in 
part, the result of insufficient sample sizes. Nonetheless, the reproducibility of a real association 
can still be difficult to achieve due to underpowering of the replication studies, gene-
environment interactions, among others. A meta-analysis as a strategy to increase the sample 
size, will not just find new associations but help solve the discrepancies. Nevertheless, unknown 
overlap may exist among the published studies, causing the inflation of the results. Therefore, 
this project aims to validate a new overlap aware bottom-line meta-analysis method. 
Methodology: The bottom-line analysis was executed with the meta-analysis tool Metal, and its 
sample overlap correction. The analysis was run over summary statistics from GWAS, WGS and 
WES across T2D and 58 quantitative metabolic phenotypes accessed through the type 2 diabetes 
knowledge portal (T2DKP). The bottom-line overlap correction was validated through the 
computation and comparison of its genomic inflation factor (λ) against the λ obtained by the 
naïve meta-analysis. The significance of the loci was confronted against the minimum p-value 
from the original studies, a commonly used method when accessing associations' summary 
statistics. Results: Studies with known overlap for BMI were analyzed with the bottom-line and 
naïve meta-analyzes. The ratio λNaïve/λBottom-line was 1.5, confirming the higher inflation on 
the naïve analysis results, for which the overlap was not corrected. The bottom-line discovered 
26 new loci associated with BMI. The reliability of the new associations was tested by executing 
the analysis without the two most recently added studies to the database. As a result, 60 loci 
were exclusively significant for the bottom-line, from which 34 replicated in the studies not 
included, supporting the authenticity of the new associations. Besides being more often used 
the minimum p-value strategy, the ratio λMin_pvalue/λNaïve, for BMI studies with unknown 
overlap, was 1.7. This result suggests that even performing a naïve meta-analysis would aid on 
the decrement of the statistics inflation. Equivalent results were obtained for the rest of the 
traits. Conclusions: The bottom-line is a meta-analysis method capable of correcting the 
unknown sample overlap while improving the significance and therefore, the discovery of new 
real associations. A naïve meta-analysis could be an improvement against the minimum p-value 






Introducción: En los últimos años, se ha incrementado exponencialmente el número de estudios 
de asociación del genoma. Sin embargo, la reproducibilidad de los mismos ha significado un reto. 
Los falsos potivos reportados, podrían ser, en parte, el resultado de tamaños de muestra 
insuficientes. Sin embargo, la reproducibilidad de una asociación real también puede ser difícil 
de lograr debido a la falta de poder estadístico de los estudios de replicación, las interacciones 
gen-ambiente, etc. Un metaanálisis como estrategia para aumentar el tamaño de la muestra, no 
solo encontrará nuevas asociaciones, sino que ayudará a resolver las discrepancias. Sin embargo, 
puede existir una superposición desconocida entre los estudios publicados, causando la inflación 
de los resultados. Debido a lo anterior, este proyecto tiene como objetivo validar un nuevo 
método de metaanálisis basado en la superposición de resultados. Metodología: Se implementó 
un análisis “bottom-line” con la herramienta de metaanálisis Metal y su función de corrección 
de la superposición de muestras. El análisis se realizó sobre datos estadísticos de GWAS, WGS y 
WES de T2D y 58 fenotipos metabólicos cuantitativos. Los datos fueron accesados a través del 
portal de conocimiento de diabetes tipo 2 (T2DKP). La corrección de la superposición de las 
muestas se validó mediante el cálculo y comparación de su factor de inflación genómica (λ) 
respecto al λ obtenido por un metaanálisis “naïve” sin corrección. El valor p de los loci se 
enfrentó con el valor p mínimo de los estudios originales, un método comúnmente utilizado al 
acceder a los datos estadísticos de las asociaciones. Resultados: Se analizaron estudios del índice 
de masa corporal (IMC) con superposición de muestra conocida mediante el método bottom-
line y el metaanálisis naïve. La relación λNaïve / λBottom-line fue 1.5, lo que confirma que hay 
una mayor inflación en los resultados obtenidos con el análisis sin corrección de la 
superposición. El método bottom-line permitió el descubrimiento de 26 nuevos loci asociados 
con el IMC. La confiabilidad de las nuevas asociaciones se analizó ejecutando el análisis sin los 
dos estudios agregados más recientemente a la base de datos. Como resultado, se encontraron 
60 loci exclusivamente significativos para el método bottom-line, de los cuales 34 se replicaron 
en los estudios no incluidos, lo que respalda la autenticidad de las nuevas asociaciones. La 
relación λMin_pvalue / λNaïve = 1.7 sugiere que incluso realizar un metanálisis naïve ayudaría a 
disminuir la inflación estadística respecto la estrategia del valor p mínimo. Se obtuvieron 
resultados equivalentes para los demás rasgos. Conclusiones: el método bottom-line es capaz 
de corregir la superposición de muestras al tiempo que mejora el tamaño muestral y, por lo 
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Common age-related affections such as diabetes1, hypertension2, dementia3, among others 
constitute a significant public health burden and presume to have both genetic and 
environmental contributions. The discovery of genetic profiles for the prediction, prevention 
and treatment of complex diseases has, therefore, become an increasing priority4. Although 
approximately 1,200 disease-causing genes were characterized during the 1990s decade using 
gene-mapping thecniques5, the same approach has been unsuccessful for the understanding of 
the molecular basis of diseases that have a genetic component but do not follow Mendelian 
laws4. Genome-wide association studies (GWAS), which identify genotype-phenotype 
associations by testing hundreds of thousands to millions of genetic variants in many 
individuals6, have today become the dominant association study design for complex diseases. 
As of January 2019, 3,730 GWAS had been published from which 52,415 single-nucleotide 
variant (SNV) – trait associations were described6.   
 
Even when thousands of loci have been associated with hundreds of traits and diseases' 
predisposition, they only explain less than half of the heritability7. Because GWAS mainly 
evaluate common variants with a minor allele frequency (MAF) > 5%, it has been hypothesized 
that the analysis of rare variants  (MAF < 5%) could explain some of the missing heritability8. 
Since, rare variants, remain poorly characterized9, exome chip studies were designed as a source 
of lower-frequency variants to complement GWAS10. The advances in more recently developed 
next-generation sequencing (NGS), have allowed the optimization of whole-exome sequencing 
(WES) for the regular analysis of common and rare variants11. Even when WES emerged as a 
targeted alternative to whole-genome sequencing (WGS)12, WGS is nowadays increasing is 
popularity as a result of its broader coverage and lessening cost 11.  
 
There exist limitations for genetic association studies (GAS); multiple testing is one of the major 
burdens6. By being able to interrogate million SNVs in a single study; it is necessary to reach a 
high level of significance, to account for the multiple tests. To preserve the false-positive rate at 
5% for a million independent tests, a Bonferroni correction is applied P(study-wide type I error) 
= α/n (α = 0.05, n = 1 x 106) 13, which sets the threshold to p < 5 x 10-8 for associations to be 
considered significant. As a consequence, studies with small sample sizes, lack the power to 
detect many genetic variants with weak effects, leaving a big fraction of the heritability 
unexplained14. Increasing the sample size is a strategy to defeat this limitation. Since multiple 
4 
 
analyses have studied the same phenotypes; the meta-analyses, which combine the summary 
statistics from multiple studies15, have become an effective method to accomplish bigger sample 
sizes and therefore to improve the power for the detection of genetic associations, even when 
they have modest effect sizes16.  In addition to achieving a better statistical power, by meta-
analyzing studies performed with different technologies, some of the individual limitations as 
the lack of common/rare variants representation and the coverage become alleviated. 
 
Although the amount of genetic association studies has increased exponentially in the last few 
years, each of the them provides different information for each association, and while in some 
cases the outcomes replicate, in others they are not reproducible17. The lack of reproducibility 
can be attributed to the report of false positive associations as result of imprecise phenotyping, 
insufficient sample size, population stratification, use of control groups of unproven 
comparability, technical genotyping problems, lack of quality control, among others18,19. The 
reproducibility of a true association, however, can still be difficult to achieve due to underpower 
of the replication study, gene-environment interactions, genetic and phenotypic diverseness, 
etc19. In consequence, a meta-analysis will not just find new associations missed by the original 
studies but solve the discrepancies by providing a single measure of association strength that 
considers all the information available. 
 
Collaborators from the Broad Institute, the University of Michigan, the University of Oxford, 
among others developed the Type 2 Diabetes Knowledge Portal (T2DKP)20 to compile association 
studies to T2D and related phenotypes. Up to date, there are 99 datasets which include GWAS, 
WGS and WES with SNVs associations to 198 traits. The description of the studies can be 
observed in Table 1. Since each study provides different statistical information that not always 
replicate, the portal team made available a bottom-line meta-analysis which delivers single 
association statistics that combine the evidence of the original studies. The implementation was 
made with METAL, a genome-wide association's meta-analysis software developed in 2007 by 
Goncalo Abecasis, Yun Li and Cristen Willer21. Because unknown sample overlap may exist 
among the studies, the bottom-line makes use of the Metal's sample overlap correction feature, 
developed by Sebanti Sengupta and implemented by Daniel Taliun. This function estimates the 
number of common individuals among the studies based on their Z-statistics and corrects the 






Table 1 Description of the datasets available in the T2DKP 
(Modified from T2DKP20) 
Study Phenotypes studied 
Sample 
Size 
Ancestry Data type Access 
HERMES Heart Failure 
GWAS23 





T2D, T2DadjBMI 89.813  European GWAS 
Open 
access 
GIANT UK Biobank 
GWAS25 




Blood urea nitrogen, chronic 
kidney disease, eGFR-creat 
765.348  Mixed GWAS 
Open 
access 
GIANT 2018 BMI, Height 
exome chip analysis27 










564.257  Mixed GWAS 
Open 
access 
Joint T2D-CHD GWAS29 
Coronary artery disease, T2D, 
coronary artery disease in type 
2 diabetics, coronary artery 
disease in non-diabetics  
526.043  Mixed GWAS 
Open 
access 
UK Biobank T2D GWAS 
(DIAMANTE-Europeans 
Sept 2018)24 
T2D 442.817  European GWAS 
Open 
access 
AGEN and DIAMANTE 
T2D GWAS30 
T2D 43.354  East Asian GWAS 
Open 
access 
UK Biobank eBMD and 
fracture GWAS31 
Estimated bone mineral 
density, Estimated bone 
mineral density 
426.824  European GWAS 
Open 
access 
GLGC exome chip 
analysis32 
HDL cholesterol, LDL 
cholesterol, total cholesterol, 
triglycerides 





CKDGen GWAS - 
microalbuminuria 
associations28 
Microalbuminuria 347.269  Mixed GWAS 
Open 
access 
GIANT 2018 Body Fat 
Distribution exome chip 
analysis33 







Consortium CHD GWAS34 
Coronary artery disease (SOFT 
definition) 





Plasma C-reactive protein 312.468  European GWAS 
Open 
access 




2015 Waist GWAS38 
hip circumference, hip 
circumference adjusted for 
BMI, waist circumference, 
waist circumference adjusted 





for BMI, waist-hip ratio, waist-
hip ratio adjusted for BMI 
GIANT 2017 smoking-
adjusted GWAS39 
BMI adjusted for smoking 
status, Waist circumference 
adjusted for BMI-smoking 
status, Waist-hip ratio adjusted 
for BMI-smoking status 
241.258  Mixed GWAS 
Open 
access 
ExTexT2D exome chip 
analysis40 








eGFR-creat (serum creatinine) 204.402  Mixed GWAS 
Open 
access 
GIANT GWAS - stratified 
by physical activity42 
BMI, waist-hip ratio, waist 
circumference 
200.452  Mixed GWAS 
Open 
access 
BioBank Japan GWAS43 
Alanine transaminase, Alkaline 
phosphatase, Aspartate 
aminotransferase, Atrial 
fibrillation, Bilirubin, Blood 
urea nitrogen, BMI, Calcium 
Chloride, Total cholesterol, 
Creatine kinase, Creatinine, 
Diastolic blood pressure, eGFR-
creat (serum creatinine), 
Fibrinogen, Gamma-glutamyl 
transferase, HbA1c, 
Hemoglobin, HDL cholesterol, 
Lactate dehydrogenase, LDL, 
cholesterol, Mean arterial, 
pressure, Menarche, 
Menopause, Open-angle 
glaucoma, Phosphorus, Plasma 
C-reactive protein, Potassium 
Pulse pressure, Random 
glucose, Serum albumin, 
Sodium, Systolic blood 
pressure, Triglycerides, T2D, 
Uric acid 




Total cholesterol, LDL 
cholesterol, triglycerides, HDL 
cholesterol 
188.577  Mixed GWAS 
Open 
access 










Fasting glucose, fasting insulin, 
two-hour glucose 





MAGIC HbA1c GWAS: 
Europeans49 
HbA1c 123.665  European GWAS 
Open 
access 





T2D 110.452  Mixed GWAS 
Open 
access 
Global Urate Genetics 
Consortium GWAS52 
Serum urate 110.347  European GWAS 
Open 
access 
Body Fat Percentage 
GWAS53 
Body fat percentage 100.716  Mixed GWAS 
Open 
access 
BioBank Japan GWAS, 
males43 




Fasting glucose, fasting insulin 
adjusted for BMI 
77.501  Mixed GWAS 
Open 
access 
GoT2D exome chip 
analysis55 





BioBank Japan GWAS, 
females43 
BMI, open-angle glaucoma 7.239  East Asian GWAS 
Open 
access 
70KforT2D GWAS56 T2D 70.127  Mixed GWAS 
Open 
access 
Liver Function GWAS57 
Alanine transaminase (ALT) 
levels, alkaline phosphatase 
(ALP) levels, aspartate 
aminotransferase (AST) levels, 
gamma-glutamyl transferase 
(GGT) levels 
61.089  Mixed GWAS 
Open 
access 







576  Mixed GWAS 
Open 
access 
AMP T2D-GENES exome 
sequence analysis59 
T2D 49.147  Mixed WES 
Open 
access 
ADIPOGen GWAS60 Adiponectin levels 45.891  Mixed GWAS 
Open 
access 
GoT2D WGS + 
replication61 
T2D 44.414  European GWAS 
Open 
access 
UK Biobank atrial 
fibrillation exome 
sequence analysis62 






SUMMIT Diabetic Kidney 
Disease GWAS: subjects 
with T1D or T2D63,64 
Chronic kidney disease, chronic 
kidney disease and diabetic, 
kidney disease, all diabetic 
kidney disease, late diabetic 
kidney disease, end-stage renal 
disease vs. no ESRD, eGFR-
creat (serum creatinine), 
microalbuminuria 




Leptin levels , leptin levels 
adjusted for BMI 





Primary angle closure 
glaucoma GWAS66 
Primary angle closure 
glaucoma 
26.454  Mixed GWAS 
Open 
access 






MAGIC HbA1c GWAS: 
East Asians49 
HbA1c 20.838  East Asian GWAS 
Open 
access 
CKDGen 1000G GWAS - 
eGFRcys associations68 








renal disease, chronic kidney 
disease, extreme chronic 
kidney disease, late diabetic 
kidney disease, all diabetic 
kidney disease 





2hr plasma free fatty acids, 
Acetate, Acetoacetate, 
Adiponectin, Alanine, Alcohol 
consumption, Beta-
hydroxybutyric acid, Body fat 
percentage, BMI, Total 
cholesterol, Chylomicrons and 
XXL-VLDL cholesterol, Citrate 
Creatinine Diastolic blood 
pressure, Dicosahexaneoic 
acid, eGFR-creat (serum 
creatinine), Fasting glucose, 
Fasting insulin, Fasting plasma 
free fatty acids, Glutamine, 
Glycerol, Glycine, 
Glycoproteins, HDL cholesterol, 
HDL2 cholesterol, HDL3 
cholesterol, Height, Hip 
circumference adj BMI, 
Histidine, IDL cholesterol, 
Concentration of IDL particles, 
Isoleucine, LDL cholesterol, 
Leucine, Linoleic acid, Omega-3 
fatty acids, Omega-6 fatty 
acids, Phosphocholines, 
Phenylalanine, Plasma C-
reactive protein, Pulse 
pressure, Pyruvate, Remnant 
cholesterol, Serum albumin, 
Serum ApoA1 
Serum ApoB, Triglycerides, 
Total cholines, Total 
phosphoglycerides, Two-hour 
glucose, Two-hour insulin, 
Tyrosine, Total 
monounsaturated fatty acids, 
Total polyunsaturated fatty 





acids, Systolic blood pressure, 
Total saturated fatty acids, 
Sphingomyelins, VLDL 
cholesterol, Valine, Vitamin D, 
Waist circumference adj BM, 
Weight 
VATGen GWAS71 
Subcutaneous adipose tissue, 
volume, visceral adipose tissue 
volume, visceral adipose tissue 
volume adj BMI, pericardial 
adipose tissue volume, 
pericardial adipose, tissue 
volume adj height-weight, 
subcutaneous adipose tissue 
attenuation, visceral adipose 
tissue attenuation, ratio 
visceral:subcutaneous adipose 
tissue volume, ratio 
visceral:subcutaneous adipose 
tissue volume adj BMI 




Bipolar disorder, major 
depressive disorder, 
schizophrenia 





 15.496  Mixed WES 
Open 
access 
Early Growth Genetics 
Consortium GWAS73 
Childhood obesity 13.848  Mixed GWAS 
Open 
access 
13K exome sequence 
analysis61 
HbA1c, fasting glucose, fasting 
insulin, BMI, waist-hip ratio, 
height, waist circumference, 
hip circumference, 
triglycerides, total cholesterol, 
HDL cholesterol, LDL 
cholesterol, diastolic blood 
pressure, systolic blood 
pressure 
12.954  Mixed WES 
Open 
access 
Diabetic Cohort - 
Singapore Prospective 
Study - SEED - Living 
Biobank GWAS74 
HbA1c, HbA1c adjusted for 
BMI, BMI, Creatinine, Diastolic 
blood pressure, eGFR-creat 
(serum creatinine), HDL 
cholesterol, LDL cholesterol, 
Systolic blood pressure 





HbA1c 10.338  Mixed WES 
Open 
access 
Diabetic Cohort - 
Singapore Prospective 
Study - SEED GWAS74 
T2D, T2DadjBMI 10.248  Mixed GWAS 
Pre-
publication 
GWAS SIGMA76 T2D 8.891  Hispanic GWAS 
Open 
access 
MAGIC HbA1c GWAS: 
South Asians49 









T2D, T2DadjBMI, fasting 
glucose, fasting glucose 
adjusted for BMI, fasting 
insulin, fasting insulin adjusted 
for BMI, HbA1c,  
HbA1c adjusted for BMI, serum 
creatinine, systolic blood 
pressure, 
HDL cholesterol, eGFR-creat 
(serum creatinine), diastolic 
blood pressure 
LDL cholesterol, BMI 
8.493  European GWAS 
Open 
access 
SIGMA exome chip 
analysis76 





MAGIC HbA1c GWAS: 
African Americans77 






Oxford BioBank Axiom 
GWAS78 
BMI, Total cholesterol, HDL 
cholesterol, LDL cholesterol, 
log triglyceride level 
7.193  European GWAS 
Open 
access 
Oxford BioBank exome 
chip analysis79 
Adiponectin, BMI, diastolic 
blood pressure, fasting glucose, 
fasting insulin, HDL cholesterol, 
height 
hypertension, LDL cholesterol 
pulse pressure, systolic blood 
pressure, total cholesterol, 
triglycerides, waist-hip ratio 






T2D, alanine transaminase 
(ALT) levels, alkaline 
phosphatase (ALP) levels, 
bilirubin, creatinine, diastolic 
blood pressure, diastolic blood 
pressure, eGFR-creat (serum 
creatinine), body fat 
percentage 
HbA1c (mmol/L), hip 
circumference 
log triglyceride level, 
potassium, ratio total to HDL 
cholesterol, triglycerides, 
sodium, systolic blood 
pressure, blood urea (mmol/L), 
waist-hip ratio, weight 







Adiponectin levels, BMI, 
cholesterol, creatinine, 
diastolic blood pressure, eGFR-
creat (serum creatinine), 
fasting insulin, HbA1c, 
(mmol/L), HDL cholesterol 
height, LDL cholesterol, leptin 
levels, systolic blood pressure, 
triglycerides, T2D, waist 
ircumference, weight 
7.119  European GWAS 
Open 
access 
Hong Kong Diabetes 
Register GWAS81 
BMI, End-stage renal disease in 
type 2 diabetics, Fasting 
insulin, Chronic kidney disease 
in type 2 diabetics, Coronary 
artery disease in type 2 
diabetics,Coronary heart 
disease or stroke or peripheral 
vascular disease in type 2 
diabetics, eGFR-creat (serum 
creatinine), HDL cholesterol, 
Height, HOMA-B, Insulinogenic 
index, LDL cholesterol,  
Microalbuminuria, 
Macroalbuminuria vs. controls, 
Total cholesterol, Triglycerides, 
Type 2 diabetes, Urinary 
albumin-to-creatinine ratio, 
Waist circumference 
6.742  East Asian GWAS 
Pre-
publication 
SUMMIT Diabetic Kidney 
Disease GWAS: subjects 
with T1D or T2D, ESRD 
vs. controls63 
End-stage renal disease vs. 
controls 





Acute insulin response,  Acute 
insulin response adj SI, Acute 
insulin response adj BMI-SI, 
Disposition index adj BMI, 
Insulin secretion rate, Insulin 
secretion rate adj BMI, Peak 
insulin response, Peak insulin 
response adj SI, Peak insulin 
response adj BMI-SI 






area under the curve (AUC) for 
insulin, ratio of area under the 
curve (AUC) for insulin:AUC for 
glucose, corrected insulin 
response, corrected insulin 
response adjusted for Matsuda 
ISI, disposition index 
fasting glucose, fasting insulin, 
HbA1c, HOMA-B, HOMA-IR, 
incremental insulin at 30 min 
during oral glucose tolerance 
test, insulin at 30 min during 
oral glucose tolerance test, 
insulin at 30 min during oral 
glucose tolerance test adjusted 
for BMI, Matsuda insulin 
sensitivity index (ISI), modified 
Stumvoll insulin sensitivity 
index (ISI) adjusted for age and 
sex, modified Stumvoll insulin 
sensitivity index (ISI) adjusted 
for age, sex, and BMI, modified 
Stumvoll insulin sensitivity 
index (ISI) adjusted for 
genotype-BMI interaction, 
proinsulin levels, two-hour 
glucose, two-hour insulin 




sequence analysis: WHR 
adj BMI associations, 
females70 
Waist-hip ratio adj BMI 4.927  European WES 
Open 
access 
GoDarts exome chip 
analysis80 
Adiponectin levels, BMI, 
cholesterol, creatinine, 
diastolic blood pressure,  
eGFR-creat (serum creatinine), 
fasting insulin, HbA1c 
(mmol/L), HDL cholesterol, 
height, LDL cholesterol, leptin 
levels, systolic blood pressure, 
triglycerides, T2D, waist 
circumference, weight 




Study - Living Biobank 
GWAS84 
Fasting glucose, fasting glucose 
adjusted for BMI 




Type 2 diabetes, type 2 
diabetes adjusted for BMI, 
fasting glucose, fasting glucose 
adjusted for BMI, fasting 
insulin, fasting insulin adjusted 
for BMI, HbA1c, HbA1c 
adjusted for BMI, diastolic 





blood, pressure, BMI, systolic 
blood pressure, HDL 
cholesterol, LDL cholesterol 
Hoorn DCS 201886 
BMI, cholesterol, creatinine, 
diastolic blood pressure, eGFR-
creat (serum creatinine), HDL 
cholesterol, heart rate, LDL 
cholesterol, systolic blood 
pressure, triglycerides, urinary 
albumin-to-creatinine ratio, 
urinary creatinine 
3.414  European GWAS 
Open 
access 
FUSION exome chip 
analysis85 
Type 2 diabetes, type 2 
diabetes adjusted for BMI, 
fasting glucose, fasting glucose 
adjusted for BMI, fasting 
insulin, fasting insulin adjusted 
for BMI, diastolic blood 
pressure, urinary creatinine, 
LDL , cholesterol, HDL 
cholesterol, BMI, 
systolic blood pressure 







Adiponectin levels, BMI, 
cholesterol, creatinine, 
diastolic blood pressure, eGFR-
creat (serum creatinine), 
HbA1c (mmol/L), HDL, 
Cholesterol, height, leptin 
levels, systolic blood pressure, 
triglycerides 
waist circumference, weight 
2.917  European GWAS 
Open 
access 
GoDarts Illumina Human 
MNIExpress GWAS80 
Adiponectin levels, BMI, 
cholesterol, creatinine, 
diastolic blood pressure, eGFR-
creat (serum creatinine), 
HbA1c (mmol/L), HDL, 
Cholesterol, height, leptin 
levels, systolic blood pressure, 
triglycerides, waist 
circumference, weight 




Insulin sensitivity, insulin 
sensitivity adjusted for body 
mass index 
2.765  European GWAS 
Open 
access 




Type 2 diabetes, type 2 
diabetes adjusted for BMI, 
fasting glucose, fasting glucose 
adjusted for BMI, fasting 
insulin, fasting insulin adjusted 
for BMI, diastolic blood 
pressure, urinary creatinine, 





LDL, cholesterol, HDL 
cholesterol, BMI, systolic blood 
pressure 
Hoorn DCS 201986 
Fasting glucose, BMI, 
cholesterol, creatinine, 
diastolic blood pressure, eGFR-
creat (serum creatinine), 
HbA1c, heart rate, height, HDL 
, cholesterol LDL cholesterol, 
systolic blood pressure, 
triglycerides, urinary albumin-
to-creatinine ratio, urinary 
creatinine, weight 




Study Program GWAS74 
Fasting insulin, fasting insulin 
adjusted for BMI 





Adiponectin levels, BMI, 
cholesterol, creatinine, 
diastolic blood pressure,  
eGFR-creat (serum creatinine), 
fasting insulin, HbA1c 
(mmol/L), HDL cholesterol, 
height, LDL cholesterol, leptin 
levels, systolic blood pressure, 
triglycerides, T2D, waist 
circumference, weight 




Type 2 diabetes, type 2 
diabetes adjusted for BMI, 
fasting glucose, fasting glucose 
adjusted for BMI, fasting 
insulin, fasting insulin adjusted 
for BMI, diastolic blood 
pressure, urinary creatinine, 
LDL cholesterol, HDL 
cholesterol, BMI, systolic blood 
pressure 
1.683  European GWAS 
Open 
access 





Waist-hip ratio, Waist-hip ratio 
adj BMI, BMI 




UK Biobank CAD GWAS 
Meta-analysis90 
Coronary artery disease 547.261  European GWAS 
Open 
access 
UK Biobank dietary habit 
GWAS91 
Fresh fruit consumption (pieces 
of fresh fruit per day), Oily fish 
consumption (overall oily fish 
intake), Salt addition to food 
(frequency of adding salt to 
food), PC1 dietary pattern, PC3 
dietary pattern 





UK Biobank 409K 
GWAS92 
Diastolic blood pressure, 
Hypothyroidism, Red blood cell 
count, Systolic blood pressure 
408.963  European GWAS 
Open 
access 
UK Biobank Mendelian 
trait GWAS93 
Calcium, Bilirubin, Random 
glucose, 
LDL cholesterol, Triglycerides 






Waist-hip ratio, Waist-hip ratio 
adj BMI, BMI 






Waist-hip ratio, Waist-hip ratio 
adj BMI, BMI 
315.284  European GWAS 
Open 
access 
UK Biobank CAD GWAS90 Coronary artery disease 296.525  European GWAS 
Open 
access 
PR interval 1000G 
GWAS94 





Diastolic blood pressure, 
Hypothyroidism, Red blood cell 
count, Systolic blood pressure 






Atrial fibrillation, Chronic 
kidney disease, Diabetic 
nephropathy, Diabetic 
retinopathy, Geographic 
atrophy, Heart failure, 
Hypertension, Intracerebral 
hemorrhage, Ischemic stroke, 
Neovascular age-related 
macular degeneration, 
Neuropathy in type 2 diabetics, 
Obesity, Open-angle glaucoma, 
Type 1 diabetes, Type 2 
diabetes 
96.499  European GWAS 
Pre-
publication 
UK Biobank Cardiac MRI 
LV GWAS97 
Left ventricular end-diastolic 
volume, Left ventricular end-
diastolic volume (BSA-indexed), 
Left ventricular ejection 
fraction, Left ventricular end-
systolic volume, Left 
ventricular end-systolic volume 
(BSA-indexed), Stroke volume, 
Stroke volume (BSA-indexed) 
36.041  European GWAS 
Open 
access 
MAGIC fasting glucose 
change over time 
GWAS98 
Fasting glucose change over 
time 
13.807  European GWAS 
Open 
access 
BioMe AMP T2D GWAS99 
Type 2 diabetes, type 2 
diabetes adjusted for BMI, 
fasting glucose,  
fasting glucose adjusted for 
BMI, HbA1c, HbA1c adjusted 
for BMI, serum creatinine, 
systolic blood pressure, HDL 





cholesterol, eGFR-creat (serum 
creatinine), diastolic blood 

































2.1. GENERAL OBJECTIVE 
The present project aims to perform quality control of the bottom-line analysis. Particularly, 
evaluate the method's capacity to account for the sample overlap and the reliability of the 
association outcomes.  
 
 
2.2. PARTICULAR OBJECTIVES 
1. Evaluate and compare the genomic inflation obtained by the results provided by the 
bottom-line analysis, the naïve meta-analysis and the minimum p-value method. 
2. Evaluate the effect of the bottom-line analysis on the significance of the variants. 
3. Evaluate the reliability of the associations established by the bottom-line analysis. 








Summary statistics from 94 GWAS, WGS and WES datasets across T2D and 57 quantitative 
metabolic phenotypes were accessed through the type 2 diabetes knowledge portal (T2DKP)20. 
All data is stored in the cloud-based Amazon Simple Storage Service (Amazon S3). Data was 
downloaded via the Amazon Web Services Command Line Interface (AWS CLI) and all analyses 
were completed using the Broad Institute cluster computational resources. In all cases, traits 
selected had at least 2 independent studies available. Range of datasets per trait 2-25. 
 
3.2. META-ANALYSES IMPLEMENTATION 
3.2.1. BOTTOM-LINE META-ANALYSIS IMPLEMENTATION 
The bottom-line analysis was implemented, as shown in Figure 1. For a trait, the variants derived 
from the available studies were filtered by ancestry and MAF. Multi-allelic variants and variants 
with missing p-value or beta/OR were removed from the analysis. If more than one ancestry 
were present, the "mixed" ancestry was removed from any further analyses. The common 
variants (MAF < 5%) from each ancestry were meta-analyzed with METAL, using the sample 
overlap correction and the sample size weighted scheme. A second METAL analysis without 
overlap correction was performed with the standard error scheme, and the output was 
combined with the sample size results. The rare variants from each ancestry were united with 
their corresponding common variants' METAL output. If any variant existed as both common 
and rare, only the one with the largest total N was kept. A final METAL analysis without overlap 
correction was performed with the variants from the different ancestries. The output p-values 
were considered as the bottom-line result. The code for the implementation is shown in the 
supplemental material 7.2. Bottom-line meta-analysis implementation code. 
 
 
3.2.2. NAÏVE META-ANALYSIS IMPLEMENTATION 
For a trait, a METAL analysis without overlap correction was performed with the available 
studies. In all cases, the selection of the studies followed the same rules as the bottom-line 






Figure 1. Bottom-line analysis implementation. 
Summary statistics from GWAS, WGS and WES across T2D and other related phenotypes were accessed 
from the T2DKP. For each trait, the variants were filtered by MAF and ancestry. If more than one ancestry 
were present, the "mixed" ancestry was removed from the analysis. A METAL analysis with overlap 
correction was run for the common variants of each of the ancestries. The output was united with the 
rare variants and a final METAL analysis was run without overlap correction.  
 
 
3.2.3. MINIMUM P-VALUE ANALYSIS 
For each variant, the minimum p-value across all studies available for a specific trait was 
computed. In all cases, the selection of the studies followed the same rules as the bottom-line 




3.3. SAMPLE OVERLAP ASSESSMENT  
The inflation of the meta-analyses results was assessed by the computation of the genomic 
inflation factor (λ) as the median of the chi-squared statistic divided by the median of the chi-
squared distribution101. Q-Q plots were also drawn to visualize the distribution of the data in 
comparison with the theoretical distribution. 
 
3.4. PROTEIN-PROTEIN INTERACTION 
ANALYSES 
The Disease Association Protein-Protein Link Evaluator (DAPPLE) was used to annotate loci to 
the proteins encoded by them. Physical connectivity among proteins associated to disease was 
assessed and the resulting networks obtained. The annotated proteins were submitted to 
STRING database to perform protein-protein interaction enrichment analyses from which 





4. RESULTS AND DISCUSSION 
4.1. QUALITY CONTROL OF THE BOTTOM-LINE 
SAMPLE OVERLAP CORRECTION 
Unknown sample overlap may exist among the studies available for each trait. The bottom-line 
analysis' capacity to account for it can be assessed by comparing the inflation of the resulting p-
values against those provided by a naïve meta-analysis. The genomic inflation factor (λ), which 
can be described as the median of the chi-squared statistic divided by the median of the chi-
squared distribution101, inform us about the number of significant p-values in comparison with 
the expected one. An association of half of the variants would compute a λ=1. Since it is not 
expected that more than half of the variants are associated with a specific trait, a λ > 1 would 
mean that the results are inflated, and more associations than the existing ones are being 
pointed out. Because a naïve meta-analysis does not correct for the sample overlap, it is 
anticipated that the λ computed for its results will be higher than the λ computed for the 
bottom-line p-values if overlap exists among the studies.   
 
As a proof of concept, the bottom-line and naïve meta-analyses were run for the trait body mass 
index (BMI). The overlap among the individual studies is not known. However, it is known that 
specific characteristics as the gender have stratified some of the studies and that these stratified 
datasets are subsets of the general ones, implying that overlap exists among them. Figure 2A 
shows the totality of studies available for BMI and how some of them are subsets of others. The 
bottom-line was run for all studies available in the T2DKP at the date of October 2019. The 
subsets were also included, as a source of known overlap to validate if the bottom-line can 
account for it. Because more than one ancestry exists, the mixed ancestry was removed (as 
stated in the bottom-line implementation). The final studies included in the analysis are shown 
in Figure 2B. For a fair comparison, the naïve meta-analysis was run with the same studies as 




Figure 2. Available studies for BMI and studies included in the bottom-line sample overlap correction 
validation.  
The studies available have been stratified by different characteristics as the gender, which means that 
some studies are in fact, subsets of the general ones (A). To assess the capacity of the bottom-line to 
account for the sample overlap, the main studies and their subsets were included in the analysis. Because 
more than two ancestries were present, the studies from "mixed" ancestry were not included (B). 
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Lambdas and Q-Q plots were computed for the bottom-line and the naïve meta-analyses results 
(Figure 3). The p-values from the naïve analysis, without overlap correction, calculated a 
λ=1.930, implying as expected that there is sample overlap among the studies. The 
corresponding Q-Q plot confirmed the inflation, showing that most of the p-values do not follow 
a theoretical distribution. The bottom-line analysis is supposed to correct the already known 
sample overlap. A λ=1.279 confirms that the correction is being made, reducing the inflation of 
the data significantly. The corresponding Q-Q plot shows an increment of the correlation of the 
points to the theoretical distribution in comparison with the ones obtained by the naïve analysis. 
 
 
Figure 3. Genomic inflation factor (λ) and QQ-plots computed for the bottom-line and the naïve meta-
analyses performed for the studies and sub-studies available for BMI.  
The bottom-line and naïve meta-analyses were run over the studies and sub-studies available for BMI as 
a source of know sample overlap. The λ obtained for the naïve analysis was considerably higher (λ=1.930) 
than the one computed for the bottom-line results (λ=1.279). This outcome confirms that overlap exists 
among the studies meta-analyzed and that the bottom-line can account for it, reducing significantly the 
inflation of the results in comparison with the naïve analysis that does not correct the overlap. The QQ-
plots confirm the reduction of inflation by the bottom-line. As seen inside the green rectangles, the points 
from the bottom-line correlate better with the theoretical distribution than the points obtained by the 
naïve analysis.  
 
The bottom-line and naïve meta-analysis λ comparison was performed for the rest of the traits 
(Figure 4). It was observed that while for some traits the λ remained very similar for both 
analyses, meaning that there was not sample overlap among the studies. For other traits, the λ 
obtained when the overlap was not corrected (naïve analysis) was significantly higher than the 
one computed for the bottom-line results. These outcomes support what was observed for BMI, 
validating that when sample overlap exists among the studies meta-analyzed, the bottom-line 




Figure 4. Comparison of the lambdas computed for the p-values obtained by the naïve and bottom-
line meta-analyses when overlapping studies are present. 
For several traits, the lambda obtained by the naïve meta-analysis was significantly higher than the one 
obtained with the bottom-line analysis. The result confirms that when overlap exists among the analyzed 
studies, the bottom-line can account for it, reducing the results inflation significantly. 
 
Being already validated that the bottom-line analysis can account for the sample overlap, the 
inclusion of any stratified subsets was avoided in all further analyses.  
 
Catalogues of association statistics and researchers often consider a variant to be associated if 
it achieves statistical significance in any published study - implicitly assigning a variant its 
"minimum p-value" across studies. Such an approach introduces false-positive associations into 
public resources and the literature. The genomic inflation factors that resulted from this 
approach ranged between 1.0 and 3.7 for the complex traits analyzed. The bottom-line aims to 
improve the reliability of the associations reported by considering all available information, 
instead of just the minimum p-value, while accounting for the unknown sample overlap. The 
bottom-line analysis corrected the genomic inflation, therefore producing well-calibrated 





Figure 5. Comparison of the genomic inflation factors obtained by the minimum p-values, the naïve 
meta-analysis and the bottom-line analysis. 
The genomic inflation factors for the minimum p-value analyses, which ranged between 1.0 and 3.7, 
became significantly corrected by the bottom-line, for which the maximum λ was 1.3. Surprisingly for 
40/58 traits, the naïve meta-analysis λ was <1.1 times that of the bottom-line analysis. However, for 16 
traits the λ became significantly corrected, being the maximum ratio λ naïve / λ bottom-line = 2.2. 
 
Perhaps surprisingly, the naïve meta-analysis is reasonably well-calibrated when the fully 
overlapping subsets are not included. 42 traits obtained a λ<1.1 times that of the bottom-line 
analysis. However, correcting for sample overlap reduced the genomic inflation for 16 (28%) of 
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the traits, in some cases significantly (e.g. reduction from 1.8 to 1.0 for Coronary Artery Disease) 
(Figure 5B). 
 
4.2. EFFECT OF THE BOTTOM-LINE ANALYSIS 
ON THE SIGNIFICANCE OF THE VARIANTS 
17 individual studies for BMI were meta-analyzed with the bottom-line method. For each 
variant, the results were compared against the minimum p-values across the original studies 
(Figure 6). It was observed that several variants did not modify their significance. However, some 
variants with no significant p-values in the original studies became significant with the bottom-
line analysis and, by the contrary, some variants with already reported significant associations, 
lost their significance after being meta-analyzed. 
 
 
Figure 6. BMI bottom-line p-values comparison against the minimum p-values across studies 
For each variant, the minimum p-values across the studies available for BMI were compared against the 
p-values obtained by the bottom-line analysis. Several variants did not modify their significance (black 
dots). However, some variants that were significant for at least one of the original studies (minimum p-
value < 5e-8), lost their significance with the bottom-line analysis (blue dots). Moreover, some variants 





The number of genomic regions affected by the gain and loss of significance was assessed 
through the definition of loci as 150kb windows to each side of the most significant variants 
(lead variants). New loci were described as those containing variants exclusively significant for 
the bottom-line, meaning that the bottom-line is the first analysis to point their association with 
a trait (Figure 7A). Accordingly, lost loci were considered those with a significant p-value for at 
least 1 of the original studies that lost their significance when meta-analyzed with bottom-line 




Figure 7. Graphical representation of the new and lost loci associated with a trait 
The figure exemplifies the locus view of the new and lost loci associated with a trait. In a new locus, one 
or more of the variants have significant p-values for the bottom-line analysis, while none of them has a 
significant association in any of the original studies (A). In contrast, a lost locus contains variants with 




The bottom-line identified 255 loci with a significant association with BMI, from which 60 were 
newly associated. Notwithstanding 42 loci with previously reported significant p-values, showed 
not significant for the bottom-line analysis (Figure 8). 
 
 
Figure 8. BMI gained and lost loci for the bottom-line analysis in comparison with the minimum p-
values reported in the literature 
The bottom-line p-values for loci associations with BMI were compared against the minimum-p-values 
reported. From the 255 significant loci identified by the bottom-line, 60 were newly associated. 42 loci 
with significant p-values in the original studies, lost their significance with the bottom-line analysis. 
 
Across the 58 traits, 1412 previously published associations appeared to be false positives, after 
accounting for all studies in the bottom-line analysis. However, 628 associations became 
significant only after the increase in sample size offered by the bottom-line analysis. 
 
The increment of the sample size achieved by the meta-analysis rises the statistical power, which 
may lift the significance of some loci while diluting the significance of others. To validate how 
the sample-size increment affected the significance of the variants; the gained and lost loci were 
plotted against the effective sample size/max N ratio, which provides a measure of the sample-
size increment (Figure 9). Even though there is an outlier, in general, it was observed that the 
number of gained loci correlates with the sample size increment. This result confirms that by 
having larger sample sizes, the power of the analysis gets boosted, making possible the discovery 
of new associations that were previously overseen. Although an equivalent correlation is not 
observed for the lost loci Vs the sample size increment, it can be seen that for some traits the 
increment of the sample size may aid in the identification of spurious associations established 





Figure 9. Analysis of the number of gained and lost loci by trait and their correlation to the effective 
sample size/max N ratio 
The gained and lost loci were plotted against the effective sample size/max N ratio, a measurement of the 
sample size increment achieved by the meta-analysis. A correlation between the sample size increment 
and the gain loci can be appreciated (A). However, there is no correlation against the lost loci, although, 




4.3. ANALYSIS OF THE RELIABILITY OF THE 
ASSOCIATIONS' STATISTICS PROVIDED BY 
THE BOTTOM-LINE ANALYSIS 
Until now, all analyses included the datasets available in the T2DKP until October 2019. An 
update of the database was performed in the subsequent months, adding more recently 
published studies.  
In some exceptional cases, some of the old studies which proved to overlap were replaced by a 
meta-analysis, meaning that the final number of studies could be smaller in May than in October. 
In general, it was observed that while most of the traits maintained their effective sample size; 
7 traits registered a significan increment with an Effective sample size ratio May 2020 / October 
2019 > 2 thanks to the newly added datasets, which contained no overlapping subjects. These 
traits are: BMI, WHR, LDL, SBP, DBP and TG. Stroke_hemorrhagicOn the other hand, 3 
exceptional traits reduced their effective sample size, probably due to overlapping studies that 
were removed from the database (Figure 10).  
 
 
Figure 10. Effective sample size comparison by trait 
The figure shows the comparison between the effective sample size computed for the studies available in 
May in comparison with those that were available in October. It can be observed that while several traits 
did not modify their effective sample size, some of them increased it, implying that new studies with no 
overlapping subjects were added to the database. Some exceptional traits reduced their effective sample 
size, probably due to overlapping studies that were removed. 
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As a method to validate the reliability of the associations' statistics provided by the bottom-line; 
the bottom-line p-values were compared against the minimum across studies available to the 
date of May 2020. Since new studies that increased the sample size were added, it was expected 
that some of the new associations pointed out by the bottom-line, replicated in the new studies 
added in May.  
 
When comparing the 60 associations previously discovered for BMI against the minimum p-
value of the studies available in May, it was confirmed that 37 (62%) replicated in the most 
recent BMI GWAS. From 7 traits with a significant increment of their Effective Sample Size (May 
2020/October 2019 > 2), 71/104 (68%) loci newly associated by the bottom-line executed in 
October, replicated in the studies added in May (Figure 11). Contrary to BMI and the other 6 
traits with a significant increment of their effective sample size. For T2D (Effective Sample Size 
ratio May 2020 / October 2019 = 1.1), none of the 118 associated loci by the bottom-line 
replicated in the studies added in May. 
 
 
Figure 11. Validation of the loci discovered by the bottom-line analysis 
The p-values from the new loci discovered by the bottom-line analysis, that included the studies available 
until October 2019, were compared against the minimum p-value of the new studies added in May 2020. 
37/60 (62%) of the loci associated with BMI replicated in the May studies. From 7 traits with an Effective 
Sample Size ratio May 2020 / October 2019 >2, 71/104 (68%) loci replicated. 
 
It was previously shown that the naïve meta-analysis provides reasonably well calibrated results 
when fully overlapping studies are not present. However, the reliability of the loci identified by 
this approach was tested by comparing their significance against the latter added studies. For 
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BMI, the naïve meta-analysis identified 22 significant loci that were not significant for the 
bottom-line analysis. 2 loci, however, were exclusively significant for the naïve meta-analysis in 
comparison with the bottom-line analysis (Figure 12). 10/22 (45%) replicated in the new studies. 
The replication rate is lower than the one for the loci discovered by the bottom-line analysis 
(62%).  These results suggest that even when the naïve meta-analysis could be an alternative to 





Figure 12. BMI loci significance comparison between the naïve and bottom-line meta-analyses 
The bottom-line p-values for loci associations with BMI were compared against the p-values obtained by 
the naïve meta-analysis. 249 loci were significant for both analyses, 22 loci were exclusively significant for 
the naïve meta-analysis and 2 loci were exclusively significant for the bottom-line analysis. 
 
 
4.3.1. PROTEIN-PROTEIN INTERACTION ANALYSES 
The 60 loci discovered by the bottom-line were submitted to the DAPPLE software to look for 
protein-protein interactions among proteins encoded for by genes in the loci. There were 10 
disease proteins participating in the direct network (Figure 13A), from which SUFU and FOXO3 
have a reported association with BMI in the GWAS Catalog 2019. These results support the 
associations discovered by the bottom-line, once these genes encoded by the loci have been 
associated with BMI. The 111 proteins encoded in the 60 loci were submitted to STRING 
database to perform a protein-protein interaction (PPI) enrichment analysis. The PPI p-value was 
0.0128, which means that the network has significantly more interactions than expected (Figure 
13B). Such an enrichment indicates that the proteins are at least partially biologically connected, 






Figure 13. Protein-protein interaction networks of proteins encoded for by genes in the loci associated 
with BMI by the bottom-line analysis 
The 60 loci discovered by the bottom-line analysis were annotated with the software DAPPLE to know the 
proteins encoded by those regions. 10 disease proteins were identified to participate in a direct network 
(A). The genes were submitted to STRING database to perform a protein-protein enrichment analysis. The 
enrichment p-value was 0.0128, which means that the network has more interactions than a random 
network of the same size, supporting biological meaning of the loci discovered (B). 
 
The protein-protein interaction analyses were perfomed for the 20 genes exclusively discovered 
by the naïve meta-analysis. 2 disease proteins participated in a direct network, from which DTX1 
is reported by the GWAS catalog to be associated with BMI (Figure 14A). The protein-protein 
enrichment analysis, however, provided an enrichment p-value of 0.159 (Figure 14B), showing 
that there exist fewer interactions in the network than expected and that the proteins involved 





Figure 14. Protein-protein interaction networks of proteins encoded for by genes in the loci associated 
with BMI exclusively by the naïve meta-analysis in comparison with the bottom-line analysis 
The 22 loci discovered by the bottom-line analysis were annotated with the software DAPPLE to know the 
proteins encoded by those regions. 2 disease proteins were identified to participate in a direct network 
(A). The genes were submitted to STRING database to perform a protein-protein enrichment analysis. The 
enrichment p-value was 0.159, which means that the network has more interactions than a random 
network of the same size, implying that there is a weak biological relationship among the proteins (B). 
 
Both methods discovered loci encoding genes that have already been reported to be associated 
with BMI. This outcome validates the reliability of the associations as the analyses were 
performed without the most recent studies available, for which it is expected that associations 




The protein-protein interaction results continue to support the better quality of the associations 
discovered by the bottom-line analysis in comparison with the ones obtained by the naïve meta-
analysis. The enrichment p-value obtained for bottom-line proteins is significant while the 
enrichment analysis obtained by the naïve meta-analysis’ proteins is not. These results infer that 
there are more biological relationships among the proteins encoded by the bottom-line loci than 
the once expected by chance, increasing the confidence that they share their association with 
BMI. On the other hand, there is a higher possibility of false-positives within the naïve meta-
analysis loci associated, as there are less biological relationships among the proteins encoded 
by them. 
 
4.4. FALSE POSITIVE AND FALSE NEGATIVE 
ASSOCIATIONS DISCOVERED WITH THE 
BOTTOM-LINE ANALYSIS 
The bottom-line analysis was performed for a second time, including all the studies available 
until May 2020 and compared against the minimum p-value to define gained and lost loci. When 
comparing the number of gained loci against the analysis executed in October 2019, it was 
observed that in general, the bottom-line from both dates identified a very similar number of 
associated loci with most of the traits. However, a significant increment in the number of 
associated loci was produced for the traits for which the sample size was boosted (Figure 15).   
 
Accordingly, the number of lost loci from the October and May analyses were compared. In 
agreement with what was observed before, the traits with a higher number of lost loci on May 
in comparison with the studies from October, are those that reported a decrement of the sample 
size in the newest study. These results confirm the importance of achieving higher sample sizes 





Figure 15. Comparison of the number of newly associated loci with identified from a leave-one-out 
bottom-line analysis.  
The figure shows a comparison of the gained loci when analyzing the studies available in October Vs the 
analysis with the studies available in May. The significant increment on the number of loci discovered for 
7 traits on May in comparison with October, presumably correlates with the traits for which the sample 




Figure 16. Comparison of the number of lost loci with from a leave-one-out bottom-line analysis. 
The figure shows a comparison of the lost loci between the analysis made with the available studies from 
October Vs the analysis made with the studies available in May. The significant increment on the loci lost 
for 3 traits on May in comparison with October correlates with the traits for which the sample size was 




Across the 58 traits, 1891 previously published associations appeared to be false positives, after 
accounting for all studies in the bottom-line analysis. However, 1061 associations were 
discovered to be significant only after the increase in sample size offered by the bottom-line 
analysis. A full list of the number of gained and lost loci by trait can be seen in Figure 17, for 3 of 




Figure 17. Gained and lost loci by trait 
The figure shows the number of new loci associated with each of the traits by the bottom-line analysis. It 
also shows the number of possible false-positive associations previously reported but lost after the sample 
size increment offered by the bottom-line analysis. The lost loci for the traits inside the green rectangle 
haven’t been computed yet. 
 
The results suggest that several false-positive associations have been reported in the past. 
However, a sample overlap aware meta-analysis can provide well-calibrated results, able to 







5. CONCLUSIONS AND FUTURE 
WORK 
The present project validated a well-calibrated overlap-aware meta-analysis strategy, capable 
of providing uninflated association statistics that take into account all information available. 
Therefore, increasing the sample size and in consequence, reducing the false-positive and false-
negative results. Specifically, it was concluded that: 
 
1. The bottom-line analysis produces non inflated association statistics, even when 
studies in the analysis fully overlap. 
2. A naïve meta-analysis is reasonably well-calibrated when fully overlapping subsets 
are not included. It could represent an improvement against the minimum p-value 
strategy to reduce the results' inflation. However, it was observed that the reliability 
of its associations might not be as high as for the bottom-line. 
3. Across the 58 traits analyzed, 1891 previously published associations appeared to 
be false positives, after accounting for all studies in the bottom-line analysis. 
However, 1061 associations became significant only after the increase in sample size 
offered by the bottom-line analysis. 
4. This project results suggest that associations reported across published GWAS 
include a substantial number of false positives and false negatives, but a significant 
fraction of these can be computationally adjudicated by an overlap-aware meta-
analysis strategy. 
 
As future work, it is planned to perform a new analysis in which only the study with the larger 
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7. APPENDIX  




#AVERAGEFREQ ON #Uncomment to track allele frequencies 
#MINMAXFREQ ON #Uncomment to track allele frequencies 
  
#Identification of the files 
MARKER   varId 
ALLELE   reference alt 
WEIGHT   n 
EFFECT   beta 
STDERR   stdErr 
PVAL     pValue 
CUSTOMVARIABLE TotalSampleSize 
LABEL TotalSampleSize AS n 
#FREQLABEL maf #Uncomment to track allele frequencies 
 
 




#Run example ./Programs/BottomLineImp.sh BMI ./Data Oct BOct_BMI.txt 




#Checking that the number of parameters passed is correct 
if [ "$#" -ne 4 ]; then 
    echo $# "Not the right number of parameters" 
    echo $1 
    echo $2 
    exit 2 







CurrentList=$4 #List of studies to which the bottom-line results will 









#Uncomment next line if customized Metal Master file required 
#MmasterFile=$6 
  




#Dir to store the Big final fies 




#Store the path to the Files Directory 
FilesDir=$MainDir/$1/Files/FilesToUse 
  
#Save all the studies file names 
studiesNames=$( ls $FilesDir | grep ".tsv" ) 
  
#Save the name of all the Bottomline studies 








###***********************Common and Rare Split******************* 
  
#Make a dir to save the MAF split files 
FilesDirMAF=$FilesDir/MAF 
mkdir -p $FilesDirMAF 
  








for s in $Botstudies;do 
    studiesPathsC+=($FilesDirMAF/$1_${s}_Common.tsv) 
    studiesPathsR+=($FilesDirMAF/$1_${s}_Rare.tsv) 
    studiesPaths+=($FilesDir/$1_${s}.tsv) 
    sPath=($FilesDir/$1_${s}.tsv) 
  
     
  
    #Find automatically the column for MAF 
    colMaf=$(cat $sPath | awk -F '\t' -v col='maf' 'NR==1{for (i=1; 
i<=NF; i++) if ($i==col) {print i;exit}}') 
    colP=$(cat $sPath | awk -F '\t' -v col='pValue' 'NR==1{for (i=1; 
i<=NF; i++) if ($i==col) {print i;exit}}') 
    colB=$(cat $sPath | awk -F '\t' -v col='beta' 'NR==1{for (i=1; i<=NF; 




    #If the file hasn't been split yet, make the split 
    studyC=$FilesDirMAF/$1_${s}_Common.tsv 
    if [ ! -f $studyC ]; then 
 echo $studyC "File not found!" 
 cat $sPath | awk -F "\t" '{if($14 >= 0.05 || $14 == ""){ print 
} } ' OFS="\t" | awk -F'\t' '$10 !="" ' OFS='\t' | awk -F'\t' '$11 !="" 
' OFS='\t' > $studyC  
    fi 
     
    studyR=$FilesDirMAF/$1_${s}_Rare.tsv 
    if [ ! -f $studyR ]; then 
 echo $studyR "File not found!" 
 cat $sPath |  awk -F '\t' '{if($14 < 0.05 || $14 == "maf"){print 
}}' OFS='\t'| awk -F '\t' '$14 != ""' OFS='\t' | awk -F'\t' '$10 !=""' 
OFS='\t' | awk -F'\t' ' $11!="" ' OFS='\t'  > $studyR  
    fi 
  
  
    #Save the file to unite 
    studyRJ=$FilesDirMAF/$1_${s}_Rare_join.tsv 
    tail -n +2 $studyR | cut -f1,2,3,4,5,10,11,15,17 > $studyRJ 
     
     
    #Find all the repeated ancestries 
    colAncestry=$(cat $sPath | awk -F '\t' -v col='ancestry' 'NR==1{for 
(i=1; i<=NF; i++) if ($i==col) {print i;exit}}') 
  
    Ans=$(head -2 $sPath | cut -f$colAncestry | tail -n1) 
     
    actualAns+=( $Ans ) 
  
done 
   
  
#Find the unique ancestries 
  
UniqAncestries=($(echo "${actualAns[@]}" | tr ' ' '\n' | sort -u | tr 
'\n' ' ')) 
  
  
#Save the final ancestries (If more than 1 ancestry present, remove 
mixed. If only mixed present, the AncestryArray will be empty, and the 




if [ ${#UniqAncestries[@]} -gt 1 ];then 
  
    for Ancestry in ${UniqAncestries[@]};do 
 if [ "$Ancestry" != "Mixed" ];then 
     FinalAncestries+=( $Ancestry ) 
 fi 
    done 
  
    if [ ${#FinalAncestries[@]} -gt 0 ];then 
  
 AncestryArray=( "${FinalAncestries[@]}" ) 
  





    AncestryArray=( "${UniqAncestries[@]}" ) 
fi 
  
echo $trait  
  
echo "Original ancestries: " ${UniqAncestries[*]}  





###Separate the files by Minor Allele Frequency 
  
for Ancestry in ${AncestryArray[@]};do 
  
    #For each study: 
  
    #Get a list of the ancestry specific files 
    echo $Ancestry 
  
    #**** AncestryFiles Common will save all the ancestry related files 
    AncestryFilesC=() 
    for study in ${studiesPathsC[@]};do 
  
 colAncestry=$(cat $study | awk -F '\t' -v col='ancestry' 
'NR==1{for (i=1; i<=NF; i++) if ($i==col) {print i;exit}}') 
  
 Ans=$(head -2 $study | cut -f$colAncestry | tail -n1) 
  
 if [[ $Ans == $Ancestry ]];then 
     AncestryFilesC+=( $study ) 
      
 fi 
  




    ##### Get Metal file and Run Metal for the COMMON VARIANTS OF THE 
ANCESTRY SAMPLESIZE 
    mkdir -p $DirForMetal/$Type/ 
     
    cp $MmasterFile $DirForMetal/$Type/Run_$1_$Ancestry-Common-Samp.txt 
    MFilePathCS=$DirForMetal/$Type/Run_$1_$Ancestry-Common-Samp.txt 
  
    MPath=$DirForMetal/$Type 
  
    echo -e "\nOUTFILE" $1_$Ancestry-Common-Samp .tbl >> $MFilePathCS  
    echo -e "\nSCHEME SAMPLESIZE\n" >> $MFilePathCS 
    echo -e "\nOVERLAP ON\n" >> $MFilePathCS 
     
    for file in "${AncestryFilesC[@]}";do 
 echo "PROCESS" $file >> $MFilePathCS 
    done 
     
    echo -e "\nANALYZE\nQUIT" >> $MFilePathCS     
  
    #Run Metal 
    echo -e "Running Metal for" $1_$Ancestry-Common-Samp 





    ########    change path for metal   #################### 
    ./Programs/metal $MFilePathCS 
  
    mv $1_$Ancestry-Common-Samp1.tbl $MPath/$1_$Ancestry-Common-
Samp.tbl 





    ##### Get Metal file and Run Metal for the COMMON VARIANTS OF THE 
ANCESTRY STDERR 
    mkdir -p $DirForMetal/$Type/ 
     
    cp $MmasterFile $DirForMetal/$Type/Run_$1_$Ancestry-Common-Err.txt 
    MFilePathCE=$DirForMetal/$Type/Run_$1_$Ancestry-Common-Err.txt 
  
    MPath=$DirForMetal/$Type 
  
    echo -e "\nOUTFILE" $1_$Ancestry-Common-Err .tbl >> $MFilePathCE 
    echo -e "\nSCHEME STDERR\n" >> $MFilePathCE 
    echo -e "\nOVERLAP OFF\n" >> $MFilePathCE 
     
    for file in "${AncestryFilesC[@]}";do 
 echo "PROCESS" $file >> $MFilePathCE 
    done 
     
    echo -e "\nANALYZE\nQUIT" >> $MFilePathCE     
  
    #Run Metal 
    echo -e "Runing Metal for" $1_$Ancestry-Common-Err 
    ./Programs/metal $MFilePathCE 
  
    mv $1_$Ancestry-Common-Err1.tbl $MPath/$1_$Ancestry-Common-Err.tbl 







    #Unite the two Analyses (SampleSize and Error) 
  
    join -1 1 -2 1 -o 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.4 2.5 <(sort 
$MPath/$1_$Ancestry-Common-Samp.tbl | tail -n +2) <(sort 
$MPath/$1_$Ancestry-Common-Err.tbl | tail -n +2 ) > $MPath/$1_$Ancestry-
Common.tmp  
  
    #sometimes METAL will flip the alleles. Check if that is the case, 
and if necessary, flip them back together with the z-score    
    cat $MPath/$1_$Ancestry-Common.tmp | tr -s ' ' | tr ' ' '\t' |awk -
F'\t' '$1!="MarkerName"{print}' OFS="\t"| awk -F'\t' '{print $1,$0}' 
OFS='\t' |  awk -F'\t' '{ gsub(/:/,"\t",$2); 
sub(/[[:lower:]]/,toupper($3),$3); sub(/[[:lower:]]/,toupper($4),$4); 
print}' OFS='\t' | awk -F'\t' '{if($4==$6) {print 
$1,$2,$3,$4,$5,$11,$14,$15,$13} else if($4!=$6){print 





     




    rm $MPath/$1_$Ancestry-Common.tmp 
  
  
    ######## Concatenate the Rare variants from the ancestry 
  
    #A final file with all the rare united variants will be stored in 
this file 
    rm $MPath/$1_All_Rare_$Ancestry.tsv 
    touch $MPath/$1_All_Rare_$Ancestry.tsv 
  
  
    for s in $Botstudies;do 
     
 colAncestry=$(cat $FilesDirMAF/$1_${s}_Rare.tsv | awk -F '\t' -
v col='ancestry' 'NR==1{for (i=1; i<=NF; i++) if ($i==col) {print 
i;exit}}') 
  
 Ans=$(head -2 $FilesDirMAF/$1_${s}_Rare.tsv | cut -f$colAncestry 
| tail -n1) 
  
 if [[ $Ans == $Ancestry ]];then 
     cat $FilesDirMAF/$1_${s}_Rare_join.tsv >> 
$MPath/$1_All_Rare_$Ancestry.tsv 
 fi 
   




###################Unite the common and rare variants together and keep 
the one with the biggest n 
     
 
    rm $MPath/$1_$Ancestry.txt 
  
    cat $MPath/$1_$Ancestry-Common.txt $MPath/$1_All_Rare_$Ancestry.tsv 
|  sort -k1,1 -k9,9gr | awk -F'\t' '!a[$1] {a[$1] = $9} $9 == a[$1]' 
OFS='\t' | awk -F'\t' '{printf 
"%s\t%s\t%s\t%s\t%s\t%.1e\t%1.4f\t%1.4f\t%d\n",$1,$2,$3,$4,$5,$6,$7,$8
,$9  }' | uniq | awk -F'\t' '$1 !="varId" && $6 > 0' OFS='\t' > 
$MPath/$1_$Ancestry.txt 










###### MAKE THE FINAL METAL WITH OVERLAP OFF SAMPLE SIZE ######## 
  
  






echo -e "\nOUTFILE" $1_$Type-Samp .tbl >> $MFilePathFS 
echo -e "\nSCHEME SAMPLESIZE\n" >> $MFilePathFS 
echo -e "\nOVERLAP OFF\n" >> $MFilePathFS 
  
for Ancestry in ${AncestryArray[@]};do     
    CFile=$DirForMetal/$Type/$1_$Ancestry.txt 
    if [ -f $CFile ];then 
 echo "PROCESS" $CFile >> $MFilePathFS 
    fi 
     
done 
  
echo -e "\nANALYZE\nQUIT" >> $MFilePathFS 
  
#Run Metal 
echo -e "Runing Metal for" $1_$Type 
./Programs/metal $MFilePathFS 
  
mv $1_${Type}-Samp1.tbl $MPath/$1_$Type-Samp.tbl 




######## MAKE THE FINAL METAL WITH OVERLAP OFF ERR ########### 
  
  




echo -e "\nOUTFILE" $1_$Type-Err .tbl >> $MFilePathFE 
echo -e "\nSCHEME STDERR\n" >> $MFilePathFE 
echo -e "\nOVERLAP OFF\n" >> $MFilePathFE 
  
for Ancestry in ${AncestryArray[@]};do     
    CFile=$DirForMetal/$Type/$1_$Ancestry.txt 
    if [ -f $CFile ];then 
 echo "PROCESS" $CFile >> $MFilePathFE 
    fi 
     
done 
  
echo -e "\nANALYZE\nQUIT" >> $MFilePathFE 
  
#Run Metal 
echo -e "Runing Metal for" $1_$Type 
./Programs/metal $MFilePathFE 
  
mv $1_${Type}-Err1.tbl $MPath/$1_$Type-Err.tbl 




#Unite the two Analyses (SampleSize and Error) 
  
join -1 1 -2 1 -o 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 2.4 2.5 <(sort 






#sometimes METAL will flip the alleles. Check if that is the case, and 
if necessary, flip them back together with the z-score    
cat $MPath/$1_$Type.tmp | tr -s ' ' | tr ' ' '\t' |awk -F'\t' 
'$1!="MarkerName"{print}' OFS="\t"| awk -F'\t' '{print $1,$0}' OFS='\t' 
|  awk -F'\t' '{ gsub(/:/,"\t",$2); sub(/[[:lower:]]/,toupper($3),$3); 
sub(/[[:lower:]]/,toupper($4),$4); print}' OFS='\t' | awk -F'\t' 
'{if($4==$6) {print $1,$2,$3,$4,$5,"BMI",$10,$13,$9,$14,$12} else 
if($4!=$6){print $1,$2,$3,$4,$5,"BMI",$10,$13*-1,$9*-1,$14,$12}}' 
OFS='\t'| awk -F'\t' '{printf 
"%s\t%s\t%s\t%s\t%s\t%s\t%.1e\t%1.4f\t%1.4f\t%1.4f\t%d\n",$1,$2,$3,$4,
$5,$6,$7,$8,$9,$10,$11  }' > $MPath/$1_$Type.tbl 
  
     






      
  
######### MAKE METAL WITH OVERLAP OFF WITH THE ORIGINAL FILES 
############ 
  
#cp $MmasterFile $DirForMetal/$Type/Run_$1_${Type}_Naïve.txt 




echo -e "\nOUTFILE" $1_${Type}_Naïve .tbl >> $MFilePathO 
echo -e "\nOVERLAP OFF\n" >> $MFilePathO 
  
for FFile in ${studiesPaths[@]};do 
    echo "PROCESS" $FFile >> $MFilePathO 
done 
     
     
echo -e "\nANALYZE\nQUIT" >> $MFilePathO 
  
#Run Metal 
echo -e "Runing Metal for" $1_${Type}_Naïve 
./Programs/metal $MFilePathO 
  
mv $1_${Type}_Naïve1.tbl $MPath/$1_${Type}_Naïve.tbl 
mv $1_${Type}_Naïve1.tbl.info $MPath/$1_${Type}_Naïve.tbl.info 
